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Predicting Software Revision Outcomes on GitHub Using Structural

Holes Theory
Abstract

Many software repositories are hosted publicly online via social platforms.eQudars contribute to the
software projects not only by providing feedback and suggestinn alsdy submitting revisions to
improve the software quality. This study takes a close look at revisimhexamines the impact of social
media network®n the revision outcomeA novel approach witla mix of different research methods (e.qg.,
ego-centric social network analysis, structural holes theory anvalanalysis)s used to builca
comprehensible model to predict the revision outcome. The predictiverparfoe is validated using real
life datasets obtained from GitHub, the social coding website, which coB&862 pull requests to
submit revisions, 20,399 distinctive software project repositoriesa aadial network of 234,322 users
Good predictive performance has been achieved with an average AUC .ofile8#sults suggest theat
repositoryhost’s position in the ego network plays an important role in determthiagluration before a
revision is accepted. Specifically, hosts that are positioned in betweselyleonnected social groups are
likely to respond more quickly to accept the revisions. The study démtassthat online social networks
are vital to software development and advances the understanding of collaisaratioftware
development research. The proposed method can be applied to suppamt ¢hegisng in software
developmento forecast revision duration. The result also has several implicationsafagimg project
collaboration using social media.

Keywords: software development, social network analysis, structural holes thensiyasanalysis,

predictive modeling

1 Introduction

Managing software projects is a difficult task. Software needs to b&aotigsnaintained to support
companies in a dynamic business world. Revising computer sofitwdre development process and in
later stages is unavoidable. Firms revise software for different gespe.g., to increase productivity, to

meet customer demands, and to comply with regulations. Trackingeshahsoftware versions (often
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known as software version control) allows companies to continuoyshosithe development of software
projects]. While companies benefit from computer softythey often find managing software
projects challenginglue to budget limit, skill shortage, and other factors. Projects iftéf overrun in
cost and schedule and yet fail to deliver the expected beﬁfi&s{é} result, software revision becomes a
necessary but difficult task for companies to succeed in IT proféotepanies can improve project
performance in a number of ways, suclbwasitilizing internal/external talents and nourishing better
managerial practices with rigorous quality cheﬁs [4]

Open source software (OSS) communities attempt to tackle some of theseisésgédise wisdom of the
crowd by embedding social features in software development. Increasitgly software projects are
hosted on public, open websites like SourceForge (sourceforge.net) and (@jiHub.com). Open source
software merits the attention of many different stakeholders. Endmggisuse OSS as an alternatives to
commercial solutions, for example, open source operating systdios,tobls, and image processing.
Organizations, realizing the shortcomings of closed source commerciad , are interested in

investigating the impact of open source software and adopting eréalggactices to achieve better

business outcomgs|[8]. Among the many benefits, one significant advantage of hosiftwase projects

online is the ability to allow online users to interact with each other as®tBS websites become a social

media platform for users to form a community

Researchers are seeking to understand the impact of social networkaminatigng [}8]. The social

network, which links different users, has been proven to liestmumental piece of organizational

performance [|r10 and brings both opportunities and challenges to organizjﬂartsﬁl . Therefore,

networks from the social media are relevant to study software deveibpme project management issues
in organizations. In OSS communities, active users contribute by submittinigmeis software
repositories. Once submitted, maintainers of the software repositoryeclvbether to accept or reject the
revision. In general, maintainers accept revisions that will improve theygogtlie software, and reject
revisions that are unsatisfactory or untrustworthy.

The acceptance of the revision is an essential topic in the context ofRaSSstudies have sought to

develop explanatory and predictive models to study acceptam|[. It is important to know the time it

takes for a revision to become accepted or rejected, as the timing isatamssue in project delays and
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the software life cyclg1-23]. However, none of these studies explored the link between revision outcome

and the structure of the social media networks. Yet studying this lieleigant as companies are now
adopting the practices of the OSS community to improve their performancevinalsmﬂevelopmeB
.

The goal of this paper is to investigate the predictive power of social netlatarlon OSS revision
outcome and the time elapsed before a revision is accepted. Capitalizingigsfindhin OSS, this paper
will provide practical solutions to support organizations in managing s@ftgrajectsy taking into
account the social network context. This paper uses social networks and athaits theory together
with survival analysis. Social network data demonstrates the complex ketefaronnections among users.
The structural holes theory offers solid theoretical background for theustuaspects of the social
networks, and links the social networks to individual outcomes in softlearedopment. The survival
model utilizes the operationalized social network information, and provides@eeensible statistical
model to predict the revision outcome over time. Empirical data collected from theb@tidat archive

involves 20,399 software projects repositories, 234,322 users, an@ 32y@fons. Statistical methods are

used to validate the prediction results on the datasets, such as the Arethel@tieve (AUC)25(26] and

cross validation)37[(28]. The literature review follows in section two. The third section explains the

research method, the data collection procedure and the evaluation metrics skastwy, four is a

discussion of the research results.

2 Literaturereview

2.1  The “social” development of Open Sour ce Software

The impact of open source software has been discussed for mofddthaars 29"30 . Stakeholders in the

domain have gradually recognized the identifying traits of 088 research area covers but is not limited

to transparenc, trustworthines, team organizatioffl] 33"34, and performance measurlﬂ[.

The influence of the OSS tunnels through the boundary between thermpire losed source industries

Open source software is used in closed source corﬁtsahd closed source software might become

openﬁ. Moreover, software companies are trying to adopt some of tlleactices from the OSS

community|[3|6]|24] 36]. With the emerging role of social media and social software websites, many OSS




O©CoO~NOOOUTA,WNPE

OO UIVIVIUUIUTCNVVIUADNRNDRNDRNDRARARNDNWWWWWWWWWWRNRNNNNNNNNNRRPRRPRRERRRERRE
ORWNPRPOOONOUTRWOMNRPROOONOURWNRPOOONOUIRWMNRPOOO~NOURNWNROOONOURNWNERO

projects are not only hosted online, but also in a “social” context. Online repository hosting websites such
as GitHub enable social features, allowing users to interact with each other anditmtriDSS. People
are able to follow each other, join different organizations and subscriliéei@nt repositories. The OSS

projects, alongside the contributors and their social networks, beadifieally available. Three main

streams of research focus on the social network fe, the pull request acceptan@8{20], and

using data generated from OSS for foreca .

Social coding is a unique experience for users to develop software piojerdstively Research is

invested in issues raised from “coding socially.” A revision submitted to a software project might not
always be the best revisi. Often a revision (sometimes also called a “pull request” on websites like

GitHub) will experience delays before being accepted or rejected by the rgpaditainistrators, who are

responsible for reviewing the revision and managing the reposi aoﬂasq. Some research hagempted

to investigate this problem and identified potential predictors of revision oafmh as project and

individual characteristic §LB||19||33 . Researchers identified useful features to determine the acceptance of

the revision requests, such as whether a contributor included test codedudfmitting the reque, or
worked closely with the repository administrator (sometimes called integrator) ngsatumber of
comments and feedbac. Previous successful experience of submitting revisions will helpd
acceptanc. However, given the complex nature of software development, some aidiveyé
contradict others. For instance, while intensive communication between théeipsrto strengthen social
relations, it also may signal that the revision might be problematic, thatcooversation is needed to
resolve the problems. As a result, the role of the comments as a praxyrforunication in predicting the

acceptance could be both positive and neg. Similarly, while includinga testing unit in the

revision might help with testing the code, many repository administratmrose to evaluate the revision
without the submitted tested code because they might have their owrf Wa'g'rrtg. Studies
attempting to characterize the revision requests with technical indicators arknateshby sample size
and programming language typasd, so far, have failed to deliver a more general picture of the
collaboration process. Social coding is not just a technical/engineering pitmaeslso a human decision
process and networking experience. While the social media platform allows everyarentdbute it

falls upon repository administratstto evaluate those submissions and to decide whether to trust
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contributors The decisions by repository administrators to accept the revisions wilbhgivect impact on
their projects, their co-workers, their communities, and potgntiaillions of the repository users
worldwide. Managing the repository is more than a technical task; repositonyistrators often find it
difficult to justify the acceptance of revision requests using only thiea indicators. Repository
administrators often have to refer to othemaarkers’ reviews of the submitted contributions, and the
connections to thero-workers to help them to make decisions in managing contribl.@\sln light of
those findings, this study takes a relational perspective, using the &vaitdvork data on the social

media platform to predict revision outcomes

2.2  Social network analysis

Social network analysis is an essential element in social science re Bocial network analysis

has emerged due to the advances in information technology and promotes anbettetanding of

different research topics in engineering, business, economics and siariaks [ﬂ42 44-4¢].

Ego-centric network analysis is a sub-branch in social networksasahat focuses on a set of particular
nodes. In a typical social network, individual users are considered as nodes eeidtibnships (such as
being friends, relatives, and colleagues) are the ties linking the nodesdn-aentric network design,
research is based on one cenfsainetimes known as “focal”) node, called the “ego,” while the nodes
linking the ego are called “alters.” The ego network is a subgraph of the complete full social network.
Different ego networks form small-world netWO and are sometimes called “social circles” .

The ego-centric network allows researchers to explore the social networskg a number of interested
nodes with their directly connected “neighbors” even without having access to the full network structure.
Gathering full network information is often difficult due to the size efrietwork and its ability to change
over time. The ego-centric network is a widely used alternative to saaigl networks without exploring
the whole networ .

Sociologists have found thpgople’s positions in the social networks are closely related to individual

outcomeq48-51]. The connections in the social networks are an essential asset for peggtedocess to

vital information and resources to compete, to negotiate, and to intBécause people have limited
energy to maintain a finite number of relationships, the questiorinsfehow to maintain the ties

efficiently and effectively in order to benefit from a network of fisitee. Burt discussed some of these
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issues in his structural holes thenﬁﬁ 53], arguing that social groups that are connected tend to share

similar information and resources. People connecting between mémguifsocial groups tend to have a
richer share of information and resources than those who establish ttmmnealy within a limited range
of social groups. Structural holes occur when an ego node cotmedités neighbor nodes, while those

neighbor nodes are not themselves conng&8{{bH]. Structural holes are like“buffer” between different

disconnected social grou. Structural holes are consideredi®a structural advantage in social
networks in order to access the valuable resources exchanged beta@aemegsted social groups. Nodes
with structural holes are expected to get faster promotion, and hav@oa@eto negotiate in the market
. Burt’s work introduces the idea of quantifying the positional information of individuals in social
networks by measuring the distribution of the ties to different soaalpgt This allows the study of
important individual outcomes, such as the time to accept revisions in OSS.

The previously conducted research naturally raises a set of new quedRgpnository administrators often
find it difficult to act upon a received revision, due to their limited availabifityaoious resources, e.g.,
time, energy, knowledge and support from co-wor Nodes with structural holes have the potential
to access more resources. Can structural holes measures predict reviziore@lAre the network of
contributors and the network of repository administrators both equatlictive? Howdo social network
data such as the structural holes measures generate quantitative, accouwttedeprehensible insights
for organizations to support their business decisions and to fosterrbatiagerial practices? This paper
attempts to answer these questions using social network analysis.

2.3  Survival analysis

Analysis of the revisions should not only consider the status (acgegtteut also the time it takes for the
revision to be accepted. Survival analysis addresses the time to event problems. In a classical “survival

setting,” the dependent variables are the status and time associated with the status. Typically in clinical trial

studies, the dependent variables are whether the patients die or survive dsthtirse|$5-57]. Survival

analysis can also be used to study the reliability of material in engigesuich as when exactly a type of

material composite fails, as well as to study customer behavior and product lifetioEness E[8||59 .

Survival analysis is different from other regression methods betadsiskesigned exclusively to study the

time to event behavior in the dataset. Survival analysis considers the statuag death, recovery, failure,
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maturity, and so on) of the subjects and the time elapsed befing liae status (time until death, time it
takes to recover, and so on). Furthermore, as the data is gathered oveatimitoia-up period,
observations might not experience the event before the end of the follnveu Alternately, observations
may drop out. These observations are considered to be “censored.” The survival analysis is designed

exclusively to make use of the censored data for the model inferemeerelult, the survival model

provides coefficient estimates that indicate the weights of the predictors, lasava hazard rat (55"57 .

The hazard ratio is interpreted as the rate/speed to experience the event; heinfernitasve for research

to discover the predictors that lead to faster or slower revision acceptance.

3 Methods

To study the time elapsed before a revision is accepted or rejecte@dentsetm consider the status and the
time, respectively. In figure 1, there are a total of 7 revisiBesgision 1 was the first to be accepted, while
revisions 7, 3, and 2 were accepted ldRavision 5 was rejected between the acceptance of 1 and 7.
Revision 6 was eventually rejected, and revision 4 was censored dwrifodjdlv-up period.

Research methods associate these outcomes to the social networks of uggestifnthe important

variables that lead to acceptance/rejection of the revision

Start Time End

Index  Senders Receivers N

1 Barry L A — o

2 Ferry Terry °

3 Gary Terry °

4 Harry Ferry

5 Jerry ST VA —— o

6 Larry Barry o

7 Terry Gary °

Fig. 1. Time to event, the dependent variables
e Revision accepted
o Revision rejected

3.1 Datacollection

GitHub is the largest online software project platform, with 3.4 millierausAt the end of 2014, GitHub

hosted more than 2 million active repositori@scording to statistics on GitH{ht{p://qgithut.info).
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GitHub includes many features of social media platforms. Users can foflewenother, similar to other
social media websites such as Twitter. In addition to their own repositories bGitiéts can also
subscribe to other repositories in which they are interested, and become affilthtdifferent
organizations. Users can also socialize by submitting revisions to others’ repositories. A revision is

formally known as a “pull request” on GitHub. In a pull request, a user revises a repository by adding or
changing the code, and then sends it to the repository owner favappr

This research project collected all pull requests sent from one user to anotleerDifull requests
generated from Septembét tb September™ 2015 are collected. Pull requests are followed up for one
additional week, from the date they are collected, shown in Table 1. Aamynofithe collected data is

shown below in Table 1.

Tablel
A summary of the collected data
Dataset Follow up Issued pull Accepted pull  Users Repositories Organizations
index period (2015) requests requests
T1 09.01-09.07 8712 6142 11,229 5811 4176
T2 09.02-09.08 6466 3663 8785 5101 2975
T3 09.03-09.09 4714 2802 6839 3751 2054
T4 09.04-09.10 5818 1543 7374 4624 1179
T5 09.05-09.11 2359 1394 3464 2009 1281
T6 09.06-09.12 1761 1066 2643 1545 702
T7 09.07-09.13 3132 1772 4511 2575 1270
Total \ 32,962 18,382 39,694 20,399 20,234

Total number of users in the network: 234,322

3.2  Social network analysis

The relations in a social network consisting of N nodes are presenteddjpaancy matrix, which is a N-
by-N matrix that represents all sets of possible relations concerning nodes. Aergdo-network has
been extracted among the users, resulting in a dataset with 234,322 tisiads The users have a list of
followers, andalso follow a number of other users. The “following” relationship allows the construction of
an unweighted directed social network, whefe= 1 means that nodéefollows nodej .

Three variables extracted from the ego network are the effective size, the efficietiche hierarchy. All
three variables are based on the structural holes theory, which argues that prdgldistribute their ties
to distinctive social groups rather than limit their ties to one social groupg Bgjare 2 as an example,

there is an ego network of 7 people with Barry as the ego and the rest aBaligriias relationships with
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Ferry, Gary and Harry while the others do not: Ferry, Gary, and Harigadated from the others by Barry.
Hypothetically, if Ferry, Gary, and Harry have important informatiarry will be the next person to
know, as he is their unique contact. These unique ties of Barry with Eamry, and Harry are considered
to be non-redundant. Barry also connects to Jerry, Larry, and Téwoge ties do not isolate Jerry, Larry,
and Terry from each other. Ideally, one tie with either Jerry, lariyerry is enough for Barry to get
information from all three, as those three are connected. If Barry cartoddarry, the other ties spent with
Jerry and Terry can be considered “redundant” since these ties have no added value. In other words, the ego
Barry establishes a connection to one social group including Jerry, had Terry, at a cost of
maintaining three ties. The structural holes act as the separations betweeduraant contacts, for

example, between Gary and Harry.

Fig. 2. Redundant and non-redundant ties in the ego network

Effective size (ES for short) computes non-redundant ties in the netwarlidb nodé.

)
ESi = Z 1 _Zpiqqu ,q * l,]
J q
wherep;, is the fraction of ties connectirigvith nodeq:
Wiq + Wqi . . (2)

NS B L
Pia X (wij + wyi) !
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andmy, is the relative strength of the tie between npeadq over the maximum tie strength pf

®3)

For example, the effective size of node Barry (as ripaethe sum of the non-redundant ties to all other
nodegLarry, Terry...). A specific non-redundatie in (1), such as thiée between Barry (hodg and

Larry (nodej) is computed based on the connectedness of Barry and Larry to edesrsuch as Jerry (as
nodegq). The effective size of Barry is higher when there are more discomme@among other nodes
observed. The fewebnnections in Barry’s neighboring nodes, the more necessary it is that neighboring
nodes need to refer to Barry, and the more information and resowacggBts.

Effective size divided by total number of tis (degree of nodd leads to efficiency (Ef for short):

= 55 (4)

High efficiency means a high percentage of ties are non-redundant
Constraints compute the direct and indirect ties between a pair of nodes thathesahtsence of

structural holes:
.. 5
cij =(p t+ Zpiq Pqi)*,q #i,j )
q

Taking constraits between Barry (nodg and Larry (nodg) as an example, the more connections Larry
has to other nodes (such as Jerry and Terry, indexed ag)idde more constraints Larry poses to Barry.
This is because Larry will share the resources Jerry and Terry hdwBanily.

Total constraints (TC) give an overview of the constraints of a:node

TC(i) =Zcij,i #j (6)

J

Hierarchy (H) is the extent to which a node’s constraints (e.g., nodei) concentrate on its relations to other

nodes.
Sy S (7)
_ ZiteyN, ™ (e
L N; In (N;)
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Effective size, efficiency, and hierarchy represent the social network iafiomand will be used in the
survival model as independent variablEsose structural holes variables measure how “important” a node

is in the social networks. The overview of the variables will be givéineidata collection section.

For clarity we note that in the context of social media networks, there can beypasyf social tie@l.
For example, social media users might be connected because they direatlyrioate with each other, or
— as is the case in this paper: they may just be linked because theydatibwther.

3.3  Survival analysis

Assuming there arN observations witly variables (also known as covariates) in the dafasaend each
observation (a pull request) is one rowXinthenX; = (x;q, X2, X;3 ... X;) describes the characteristics of
observatiori. An observation contains information in a pull request: user wiasgée pull request
(sender), who receives it (receiver), their networks, repositories, organizatonsy on. There are

Y = (1, 2,3... k) different timestamps at which the revisions are accepted.

Denoteh(t) as a hazard function to quantify the probabilRy)(that a revision will be accepted at given
timet. h(t) can be viewed as the limit within the time interval betweemdt + At, which is the
instantaneous potential of the revision being acceptedrae probability is conditioned dh> t meaning

it only applies to those revisions that have not been accapted

Pr(t<T <t+At|T >t
h(t) = lim 2 At | ) @

The most widely used survival model is the Cox proportional hazad#IiniCoxph). This semi-parametric
model is robust and able to approximate other parametric models ve W [. The Cox proportional
hazard model is used in this paper:

h(t) = hy(t)efXi )

B are the model coefficients, ahg(t) is a baseline hazard functiggil]. The baseline hazard is a function
corresponds to the hazard for an individual having 0 for all the covatiaieserving as the “baseline”
comparing to other observations with non-zero value varis [

The inference of the Coxph model is based on the partial likelihood furigifyn
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k ePXta) (10

L(pB) is the joint probability from the distinctive timestamps= (1, 2, 3... k). At each specific time(y),
a fraction is calculated. Thg, ) in the numeratoin (10) encodes the variables of the revision accepted at
the exact moment of the tintéy). The denominator is the sum of a set of the remaining reviiahare

not accepted up to ting), known as the risk sé&,,. Maximum likelihood estimation is performed to

infer the parameterg [55(57).

The Coxph model gives hazard ratidsto its variables. For instance, suppose a hazard ratio value of 1.3 is

obtained for a particular variable to study the time to accept the revisionsai freerease of 1 unit in the
variable (while other variable values remain the same) leall3 tomes faster acceptance of the revisions,
based on the model estimates, whereas an increase of 2 units [£2ds=td.69 times faster acceptance.
The Cox proportional hazard model has two major assumptions: nomatfee censoring and
proportional hazard. The non-informative censoring assumptiomitadly discussed in clinical studies,

and concerns the fact that the patients drop out when they feel theyrayéedy., when studying HIV) as

time elapse$g2f|63]. In this case, the censoring (dropout) time distribution might depertke event time

distribution, which might introduce errors in model estimation. Differenhfthe clinical settings, this
study does not suffer from such dropout syndrome, since it studiesensending revisions to another.
Hence, “self-withdraw” cannot occur. The non-informative censoring assumption will hold, as the major
resource of the violation has been eliminated due to the uniqueness ofltharstuesearch design, which
differs from the clinical studies. The proportional hazard assumption statebe effect of variables

increases or decreases proportionally based on the hazard ratio. Thistasswitipe evaluated with the
widely used weighted residual t using the model redis in sectio.

34  Dataset compilation
The datasets were constructed based on the pull requests, information aboutstsevdemdhitiated the
revisions, the targeted repositories, and the receivers (usually the owtfersadministrators) who make

decisions to accept revisions. The GitHub “who-follows-who” network is used as the social network data.
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The collected network data is used to extract measures such as the total nunilmverfsf (often known

asthe in degree and the out degree in social networks), the effective sieffictency, and the hierarchy

for the senders and the receivéssers’ affiliations to organizations, their own repositories, and their

subscriptions to other repositories provide additional insights. Hence, theenaforganizations,

repositories, and subscriptions are incorporated as variables for each sendeeiaed in the different

revisions. Furthermore, the sender and receiver in a pull request may&jenizations, repositories,

subscriptions, and followers; these are known as the shared attributes anttésvith the prefix “share”

in Table 2. The senders’ and receivers’ number of years(“Sy” and “Ry”, respectively) on GitHub

quantifies their experience and usage on the site. Furthermore, the variable “Is contributor” is used to

identify whether the sender was previously listed as a major contributwe pfoject. An overview of all

23 variables is included in Table 2.

Table2
List of variables

“Shared” measures the number of objects shared by a sender and a receiver in a specific revision. For instance
“shareSubis the number of subscriptions both a sender and a receiver have in common.

Variable names Abbreviations Datatypes Max Min Mean Std
Number of followers a sender has sfer Numeric 30 0 8.35 10.44
Number of followings a sender has sfol Numeric 30 0 6.19 9.51
Number of organization a sender is in sorg Numeric 30 0 0.68 1.54
Number of repositories a sender has srep Numeric 30 0 15.28 11.32
Number of subscriptions a sender has ssub Numeric 30 0 18.28 11.34
Number of followers a receiver has rfer Numeric 30 0 10.27 12.12
Number of followings a receiver has rfol Numeric 30 0 5.7 9.58
Number of organizations a receiver is in rorg Numeric 30 0 0.75 176
Number of repositories a receiver has rrep Numeric 30 0 1725 114
Number of subscriptions a receiver has rsub Numeric 30 0 15.23 12.94
Number of common organizations shared shareOrg Numeric 5 0 0.08 0.32
Number of common repositories shared shareRepo Numeric 1 0 0 0.01
Number of common subscriptions shared shareSub Numeric 30 0 0.81 2.65
Number of followers and followings shared shareF Numeric 35 0 0.95 2.6
Effective size of the sender sEffective Continuous 5936 0 11.59 14.92
Efficiency of the sender sEfficiency Continuous 1 0 0.57 0.35
Hierarchy of the sender sHierarchy Continuous 1 0 0.15 0.17
Effective size of the receiver rEffective Continuous 5959 0 13.18 16.49
Efficiency of the receiver rEfficiency Continuous 1 0 0.51 0.39
Hierarchy of the receiver rHierarchy Continuous 1 0 0.12 0.15
Survival time T (in hours) Continuous 7 0 3.13 3.02
Acceptance Status Categorical 1 0 0.53 0.5
Is contributor Contri Categorical 1 0 0.7 0.46
Years of the sender registered Sy (in years) Continuous 7.68 0.02 28 1.96
Years of the receiver registered Ry (in years) Continuous 7.68 -0.18  3.05 1.95
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3,5 Testing and evaluation

The research result is expedto be generalizable and reproducible; however, even high quality research
may suffer from random, unavoidable ert@s a consequence, many research findirmgaat be
reproduce]‘l’hus, testing must be conducted in order to validate the research model.dnalytias,
the statistical inference over the dataset is often influenced by themtligsedata. Cross validation is a
method often suggested to deal with such situ.

In this case, the dataset is split into two parts: one for building the statistical enodighe other for
evaluating the model performance. In this way, the experiment rethecpstential bias when building and
testing using a single dataset. A model tested with several different data$ets tonsidered more
convincing if findings are consistent over different dataﬁ [

The survival model is built based on the accepted revisions, and isseitoypredict those that have not
yet received the decision. For example, the pull requests' acceptance rethdtslataset o1 are used to
build the survival model, which is then used to predict the future accepifipa# requests on the other
days, such as T2, T3, and so on. Specificallyest the model’s consistency, it is expected that one model
obtained usig the dataset foF 1 should provide good prediction results o¥&; T3 and so on. Hence,
pairwise comparisons are used. For each day.(17R a survival model is built and then tested against
the rest of the days. Additionally, the model estimates are compared to diseovariables that are
consistently significant over the 7 days. To quantify the predictive accti@cprea Under a receiver

operating characteristics Curve (AUC) is used to assess the results. Thigy $testbeen considered a

robust testing method and has been widely used in many different appBdatgurvival analysi$1j67

. The AUC value ranges from 0 to 1. The higher the AUC vialube better the prediction. An AUC

value of 0.8 or above is considered to be exce|&hipP).

4 Result and discussion

4.1  Survival analysisresults
The prediction results (AUCs) are summarized in Table 3. The research hesidtgood predictive
performance. The research model identifies several important predictorasdhehefficiency measure

(rEfficiency) and whethea sender previously contribute@dntri), see Table 4
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Table3
Cross validated results on different dat&sIC)

T1 T2 T3 T4 T5 T6 T7  Average
T1 \ 0.826 0.828 0.89 0.811 0.808 0.844 0.835
T2 0.835 \ 0.837 0.891 0.823 0.837 0.851 0.846
T3 0.835 0.834 \ 0.896 0.827 0.823 0.854 0.845
T4 0.824 0.821 0.827 \ 0.799 0.792 0.841 0.817
T5 0.83 0.833 0.841 0.888 \ 0.828 0.851 0.845
T6 0.834 0.845 0.844 0.887 0.832 \ 0.859 0.85
T7 0.836 0.834 0.841 0.887 0.826 0.824 \ 0.841

Average| 0.832 0.832 0.836 0.89 0.82 0.819 0.85 \

Mean Std
0.840 0.024

The prediction results have an average AUC above 0.8asidndard deviation of 0.024, indicating sound
and stable accuracy over timemodel is built using one of the seven days’ datasets to predict the
acceptance of the revisiona eachof the other days. The row averages of the AUC values reveal bbw w
a single datasatmodel predicts the other datasets.

The column averages show how well the other six danpglels predict on one specific day. Individual
difference is observed when comparing the column averagesRriagnan's te, as p value < 0.001

It has been observed that in column average AUCs, T5 and T6 are thalkedest. One explanation for
this difference is that T5 and T6 are weekends (Septerffbe6%2015), and the sample sizes are
relatively smaler and thus more difficult to predicSimilarly, T4 in the row averages yield the lowest in
AUC to predict other datasets because the number of accepted cases are relatilelyssitjected to the
coming weekends. No other differences are observed in row averags,\aduUrriedman's test returns p
value = 0.077.

Table4
Survival model estimates

*p < .05; **p < .01, ***p <.001
NA: sharedRepo found to be consistently O across all observatioms sothe of the days
Hazard ratio shown below

Variables T1 T2 T3 T4 T5 T6 T7
Sfer 1.006 0.99 0.988 0.989 1.007 0.977* 0.99
Sfol 0.999 0.994 0.99 0.979* 0.998 0.969**  0.978*
Sorg 0.997 0.993 0.981 0.866*** 1.017 0.962 0.973
Srep 1.012** 1.011*** 1.015*** 1.011* 0.993 1.006 0.993
Ssub 0.993***  (,99*** 0.982*** (0.987** 0.993 0.986* 0.99**
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Rfer 1.031** 1.033** 1.048** 1.059*** 1.056*** 1.039*** 1.033***
Rfol 1 1.017** 1.028** 1.007 1.014 1.007 0.971%*=
Rorg 1.024%**  1.026** 1.037*=* 1.052** 1.023* 1.006 1

Rrep 1.021*  1.017 1.07%** 1.121** 1.026 0.961 1.075%*
Rsub 0.98**  0.978** (0.968** (0.955** (0.965** (0.979** (.978***
shareOrg  0.972 0.975 1.004 1.247* 0.985 1.2 0.875
shareRepo 0 Na Na Na Na 0 3.14

shareSub  1.012*  1.032*** 1.029*** 1.063*** 1.006 1.036* 1.018*
shareF 1.054**  1.077** 1.058** 1.101** 1.073%* 1.118%* 1.149***
sEffective  0.996 1.008 1.014* 1.023* 0.998 1.03* 1.02
sEfficiency 0.911* 0.901 0.919 1.133 0.915 0.89 0.884
sHierarchy 1.132 1.353*  1.065 1.168 1.531*  1.284 1.021
rEffective  0.986*** 0.978** 0.958** (0.972** 0.975** 0.991 1.013
rEfficiency  3.25** 2.913%*  2,95%* 4.309**  1.953** 1.864**  3.754***
rHierarchy 2.945%*  2.821** 2.195%*  4244** 2 955** 2 181** 2 642%+*

Contri 1.798%*  2.311**  2.449** 1.812** 2.44%* 2.739%*  2.93%*
Sy 0.927** 0.923** 0.952*** 0.894*** (0.955* 0.958 1.005
Ry 0.992 1.035** 0.978 0.979 0.979 1.044 1.002

Hazard ratios are reported in Table 4 for data collected from 7 differentideyseceivers, who are in the
pivotal role of accepting revisions, have 7 variables significantly associatedhsiacceptance in more
than half of the datasets, while the senders have only 4. The sengeber of repositories and
subscriptions are significant, but carry little weight to predict the outcomen bérelers are previous
contributors, the revisions are likely to be accepted at a minimum Gfrie8 faster. Receiverfollowers,
organizations, subscriptions, and repositories carry little weight to inflibecitcome. However, the
receivers’ efficiency and hierarchy in their ego network have been found to significantly contribute to the
acceptance of the revisions; the higher the value, the faster the revisions will be accepted. Receivers’
effective size is likely to contribute as well, but the exact role is unknown tiagesults are inconsistent.
Effective size varies among the egos because different ego netwoeksdifferent sizes. A large effective
size may be a result of a large network size, which takes more effort to maimdkiis therefore not
efficient. Hence, the effective size is likely to slow down acceptance, as fothlsignificant results
shown in T1T5. The number of shared friends and shared subscriptions to rej@sstontribute to the
acceptance as well, but in a limited way.

In conclusion, the receiver’s efficiency, hierarchy, and whether the sender was a previous contributor, are
found to be the strong predictors. The other characteristics inadieaery very limited weight in
predicting the revision outcome.

The proportional hazard assumption is evaluated using the weighted resﬁdﬁte‘l’ime interaction

terms are added to those variables that violated the proportional hazard assundptimmared with the
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original model as suggested from the IiteralIG’rde ¥5]. There are no major changes of significance and

polarity of the coefficients signs regarding the variables tested in thdg across the 7 datasets.
It is not surprising to find non-proportional variables in the datasets becauseksetw the social media
platform are likely to change over time as users continue to interact wittogechHowever, researchers

often empirically find that after correcting the proportional hazard asgumyblation using the time

varying coefficients, the new model estimation is similar to the origima|[75{ 76|. In conclusion, the

model coefficients will change with time, but the changes are numerically insignificant in a week’s follow-
up time. Hence, we could assume they are approximately constant.

Further tests have been conducted to see if direction of the social ngesariatter in predictions. The
social network data is a directed network. The effect of the directions areligstedverting the directed
network to an un-directed network. The social network then beconewark of friendship ties, despite
who follows who. The Cox proportional hazard model estimates are fourglconsistent with the original
model, as no major change of significance and polarity of the coeff@ams are found across the 7
datasets. The new un-directed model does not increase or decrease the predictivg, @asca Wilcoxon
rank sum test returnsvalue = 0.8195 when comparing the AUC values of the un-directed netexsks
the directed one. Hence, the direction of the ties does not have an impazpoedibtive results.

Finally, the Akaike information criterion (AIC) based stepwise model seleptimedur was
deployed to find alternative models with better fit. However, the method tidasbto model results with
significant improvements.

4.2  Implications

These research findings contribute to the literature in multiple aspects. Thidbpeguens the horizon of

OSS research by exploring the time until acceptance issue in software re\Rsevisusly, software

project size, knowledge domain, contributors’ capability, and the developers’ interaction [18-20] have been

shown to influence the outcome of a revision. However, social neinfartnation is often neglected or
studied with limited scope, e.g., focusing only on revision co. This paper investigates the
problem with a different lens by addressing the structural aspect of thersgeiatks. Formalized with
the structural holes theory, repository owners’ positional advantage has been found to be closely related to

the time of acceptance.
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The research findings distinguish the role of project contributor éhges) and the maintainer (the
receiver) during the revision process, which is composed of tmission and the review. Hence, the
aaceptance of a revision is not just based on how a sender programs, but also depends upon the receiver’s

effort to acknowledge the sender’s contribution. As indicated in a previous study that interviewed the
receiver, receivers as the project maintainers often find it difficult to assess the nsvigioe

receivers need to consider many different aspects including the opfdlily submission, the coding style,
and the general fit with other parts of the project. The primary fisdosassess the quality and the integrity
to the whole project, regardless of whether the sender has a goodaebeldngs to a specific community.
Receivers also note that assessing revision quality is a difficult task, dsatrego prior knowledge to
referto, and it is currently not possible to automate the reviewing process tthegipmake the decision
whether to accept in a timely manner. A sender’s status, for instance organizations and networks are not a
primary concern of the receiver. A sender’s characteristics, such as number of years since registered as a
user, might not be representative of the submission quality.

Given the fact that no specific features on both the submission arehtiher €ould consistently support the
decision, receivers often attempt to rely on other co-workers for revievake decisios but other
reviewers are often not availa. The receivers are in a position that requires sufficient experience in
reading the code, understanding the functionality of the submigkioking about the projects’ general
picture, and referring to caerkers’ for support. These tasks require a lot of social resources, such as co-
working experience, other people’s opinions about the projects, and their input. A sender who has
previously contributed lowers the demand of these resources, as the reasiegperience in dealing with

the contributor. Thus, the sender having previously contributed¢esdicceptance time. On top of the

technical demand§.9||20||40 , @ maintainer also has a managerial role, which relies on communication

and experience to manage the product quality, the conversation with kersy@nd time.

Structural holes are related to various social resources in the networks. iResésibto certain receivers
with structural holes in the network are found to be accepted 1.8 tonés more quickly than others.
Structural holes in the receivers’ network imply that they have access to different communities with
different expertise; they are more experienced in working with differadslof coders, with different

types of coding style, functionalities, and so on. It is fair to imagine thantight also have more referees
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with different expertise to review the code. In total, receivers stitictural holes have more resources to
make faster decisions to accept. This explains why the structural holeg@eseaisthe receivers are more
highly predictive than other measures such as the individual characteristitgesenders’ networks. It is
similar with some cases in other contexts where structural holes are relhigluetoprofits in the
competitive marketsyr to faster promotion speed in organizations. In all these examplese pétp
structural holes in their networks benefit from more social ressuo support their decision making

The research results provide insight into various other distinct but relegaarch questions. The study of

software qualit is an example, since revisions sometimes improve the quality ebftweare.

Likewise, project delay is widely studied in different industfig&83|. Studying the delays in OSS

development can glean new insights regarding an extended periocfarsitary to accept the revision.
Collective software revisions in social media networks can be viewed as catlabannovations. This

paper extends the understanding of the collaboration network to the OSS$imityn@ollaborative

networking is often related to innovative product des&shd6|, as it is believed that the unique features of

a new product could be nourished by and harvest from the wisdthra 0|fowd. Researchers are
interested in de-centralized and saifanized teams’ performance on innovative ta . In practice, ti

is often difficult to apply such organizational changes to reach the telhfpal for pursuing the innovation.
This study shows that the OSS could be a pivotal spot to study innotlatoigh the de-centralized nature
of the social networks. While the repositories are hosted by their ownensbators from other parts of
the world can send innovative revisions to add value.

From a methodological perspective, the contribution of this paper is thé smaa network analysis in
conjunction with survival analysis to study the “time to accept” problem. The structural holes theory has

served as a conductor to operationalize the social network data for suralyaisrDistinct from

canonical regression methods, as seen in past uma"@q , the survival model uses follv-up data

samples to estimate the weights of the variables in order to study the towepance. Additionally, the
survival model is capable of using censored data. This mix yields aamaigtical approach that is based

on profound social networlkéories. The research model’s predictive performance was validated with real-

life data from social media platfor.
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Practitioners may find the research results interesting, as the research irdopadesitative method to
support the decision making in software development by forecastirgjoregicceptance. This allows
project managers to deal with the potential risks by considering thetpdejag and maturity. Besides the
research methods, the research findings suggest possible managerial aetisist With the software
development process. Software project team managers should not underéiséimahge of social
network ties, which link to the successful integration of contrilnstfoom external and internal
programmers. Managers should realize that the social networks are valualnea®$o investigate the
different development and revision time of software projects. Significant results of receivers’ structural

holes variables indicate the importance of interacting with different progeasrimsocial networks. In
order to facilitate the successful integration of the software revision prydfext, managers should acquire
skills to efficiently distribute their ties to the developers. Acting as thaynspanners, managers should
learn to work with different groups of software developers intermaity externally. For instance,
companies could organize offline and online events, workshops, ardagtivities to provide
opportunities for their managers to approach external software dexelopre easily. Adopting different
communication channels could enable managers to connect broadly withmtmeigiby and benefit from
the diverse knowledge and expertise of developers.

In this study, network data derived from social media platformusddo be useful to understand
collaboration, without using domain-specific terminologies such as the tecteaitiades. This allows the
findings to be transferred to manage the collaboration in many ath&ids. Collaborative product design
teams should learn to leverage tools such as social media to engage contilistdesof organizations.
With the changing nature of the market, only products with uniquerésaappreciated by the public will
stand out. Although this paper primarily studies the OSS community, ctosede organizations can also

benefit, since increasingly more closed-source companies are using O8% @85 working style is

influencing the managerial style in other organizatior“§ 22|124]. GitHub revisions are active during

weekdays with very predictive outcomes indicated in Table 3. It seems padasitikgrate the GitHub
usage seamlessly during working days in companies. Furthermaughtthe research focuses on software
collaboration, websites such as GitHub would also be a good place for gaumpade collaboration.

Online users might work jointly on a document despite not being:muger.
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The impact of studying the time to accept a revision is meaningful stdbjusoftware engineering but
also for studying group work in general. Social media networks thaveotential to contribute to
organizations in different aspects including performance improvetasktdistribution and information
sharing. From a human resource perspective, network position gieesléional indicator to project
“teamness”— the team-oriented nature of a candidate and his/her ability to contribute. ilhplges that
individuals, such as programmers, may want to market themselves better thastigjpating actively in
their communityby submitting contributions.

4.3 Limitationsand futurework

The scope of the paper is limited to user-user networks. The cosiwnef the repositories and co-
membership in organizations could be the alternative sources of sociatk®ta extend the current study.
However, working with multiple types of objects in the social neteaan be cumbersome, as different
types of network have different underlying assumpt [This work mainly considers the social
network structure among the users. It is possible to extend the stuhedrating the multilevel effect,

such as the organizations and the subscriptions

5 Conclusion

The research presented in this paper studied the role of social networks togufédante revision

outcome from the online OSS host GitH#bdata sample d82,962 revisions, 20,399 software projects
and the social network of 23822 users was collecte®esearch methods such as survival analysis and
social network analysis were used to explore the research topic. The appasaelsted with statistical
methods to ensure the stability and generalization of the results. Thebtadwed good prediction
accuracy with an average AUt 0.84. Research findings pointed out that positional advantage in social
networks is closely related to the faster acceptance of the revisionap@edeepens the understanding of
the software revision process. The social networks play a role in3Bed@velopment, tightly related to
quality management, project duration, and collaborative innovation. The reeatzome further suggests
that social media provides vital information thatild support the decisions in the organization regarding

managerial practice and product design.
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